BACKGROUND: Safety-net hospitals (SNHs) care for more patients of low socioeconomic status (SES) than non-SNHs and are disproportionately punished under SES-naive Medicare readmission risk-adjustment models. This study was designed to develop a riskadjustment framework that incorporates SES and to assess the impact on readmission rates. METHODS: California Office of Statewide Health Planning and Development data from 2007 to 2011 were used to identify patients undergoing radical cystectomy (RC) for bladder cancer (n 5 3771) or partial nephrectomy (PN; n 5 5556) or radical nephrectomy (RN; n 5 13,136) for kidney cancer. Unadjusted hospital rankings and predicted rankings under models simulating the Medicare Hospital Readmissions Reduction Program were compared with predicted rankings under models incorporating SES and hospital factors. SES, derived from a multifactorial neighborhood score, was calculated from US Census data. RESULTS: The 30-day readmission rate was 26.1% for RC, 8.3% for RN, and 9.5% for PN. The addition of SES, geographic, and hospital factors changed hospital rankings significantly in comparison with the base model (P <.01) except for SES for RC (P 5.07) and SES and rural factors for PN (P 5.12). For RN and PN, the addition of SES predicted lower percentile ranks for SNHs and thus improved observed-to-expected rankings (P <.01). For RC, there were no changes in hospital rankings. CONCLUSIONS: SES is important for risk adjustments for complex surgical procedures such as RC. Patient SES affects overall hospital rankings across cohorts, and critically, it differentially and punitively affects rankings for SNHs for some procedures. Cancer
INTRODUCTION
The evolving reorganization of health care delivery stimulated by the Affordable Care Act has increased focus on efficient, high-quality care and the careful assessment of patient outcomes.
1,2 The 30-day readmission rate has become a prevailing measure of hospital and health system performance. [3] [4] [5] Nearly 20% of all Medicare patients discharged from an acute care hospital are readmitted within 30 days, and 34% are readmitted within 90 days. 6 Among surgical patients, 16% and 27% are readmitted within 30 and 90 days, respectively; this cost the Centers for Medicare and Medicaid Services (CMS) $17.5 billion in inpatient spending in 2010 alone. 6, 7 The Hospital Readmissions Reduction Program (HRRP), established by the Affordable Care Act, ties readmission rates to reimbursement penalties, and it was initially implemented for common medical conditions such as heart failure, acute myocardial infarction, and pneumonia. In 2015, it was expanded to include total hip or knee arthroplasty, with additional surgical conditions to follow. 8, 9 Adequate risk adjustment is essential for ensuring that reimbursement aligns with performance and is not influenced by patient selection.
Traditional risk-adjustment models use age, sex, and a measure of patient comorbidity; socioeconomic status (SES) is infrequently used. SES has been associated with the risk of readmission for many health conditions and may explain some of the variation in 30-day readmission rates for urologic oncology care. 10, 11 These social factors are magnified in the context of a posthospital syndrome, an acquired, transient period of increased vulnerability to poor health outcomes and readmissions resulting from the interplay between the primary illness and the consequences of hospitalization, such as nutritional deficits, cognitive dysfunction, sleep disturbances, discomfort, pain, and physical deconditioning. 12 Patients with lower SES are concentrated at safety-net hospitals (SNHs), and recent work has shown that despite lower 30-day mortality rates for myocardial infarction, heart failure, and pneumonia, SNHs in California are more often penalized under HRRP in comparison with non-SNHs. 13 This may create unintended financial disincentives to care for low-SES patients and disproportionately penalize SNHs that predominantly care for underserved populations.
Our objective was to develop a framework for the incorporation of SES into risk-adjustment models and to evaluate how these expanded models compare with respect to hospital performance, with specific attention paid to the rankings of SNHs versus non-SNHs. We selected surgery for urologic malignancies because of their high readmission rates, 10,14-20 associated surgical and perioperative complexity, and preponderance among elderly patients as representative procedures.
MATERIALS AND METHODS

Data
Administrative patient-level discharge data were obtained from the California Office of Statewide Health Planning and Development; they represented all adult acute care admissions in nonfederal hospitals from 2007 to 2011 statewide. We initially identified 5 cohorts: 1) patients with bladder cancer undergoing radical cystectomy (RC), patients with kidney cancer undergoing 2) radical nephrectomy (RN) or 3) partial nephrectomy (PN), 4) patients with prostate cancer undergoing radical prostatectomy, and 5) patients with testis cancer undergoing retroperitoneal lymph node dissection. Detailed cohort definitions are listed in Supporting Table 1 .
Readmissions were defined as any unscheduled acute care admission at any California hospital within 30 days of discharge; patients who were incarcerated or who left against medical advice were excluded. Patients with a missing zip code were also excluded because this precluded neighborhood linkage. Comorbidities were measured with the Elixhauser index, which was calculated on the basis of diagnoses that were present on admission. 21 In addition to basic demographic and comorbidity measures, we extracted socioeconomic information and created neighborhood scores at the zip code tabulation area (ZCTA) level with US Census data. 22 We measured SES by assigning a neighborhood score to each patient with the Diez-Roux method based on the ZCTA of residence. 23 The Diez-Roux neighborhood score is composed of 6 measures: the median household income; the median home value; the percentage of the population that completed high school; the percentage that completed college; the percentage with capital gains, dividend, or interest income; and the percentage with professional occupations. Each is normalized and summed. Higher scores correspond to higher SES neighborhoods. ZCTAs were classified as rural or urban on the basis of US Department of Agriculture Economic Research Service rural-urban commuting area codes. 24, 25 Driving distances from a patient's ZCTA to the index hospital's ZCTA were calculated for each patient with R and ggmap. 26 Additional hospital data, such as the number of hospital beds, were incorporated from publicly available CMS files. 27 Hospitals were classified as SNHs if they were in the highest quartile of the Medicare disproportionate share hospital index. 13, 27 The disproportionate share hospital index is the sum of the proportion of all Medicare days attributable to recipients of Social Security income and the proportion of all patient days for which the payer is Medicaid. Hospitals were classified as academic if they reported any residents in CMS Provider of Services data. 28 
Statistical Methods
After initial descriptive analyses, retroperitoneal lymph node dissection was excluded from further analyses because of the low volume (n 5 709), and radical prostatectomy was excluded because of the low event rate (3.4% readmitted), which led to high variability in readmission rates and the possibility of a single readmission dramatically altering rankings. The remaining analyses were performed separately for each cohort. Univariate analyses of factors associated with readmissions were performed with the Student t test (2-tailed) and chi-square tests. Data were then divided into a 75% training set and a 25% validation set; this ensured that each hospital was represented proportionately in each set. Baseline multivariate logistic regression models with 30-day readmission as the outcome were developed and were built upon the CMS HRRP total hip/knee arthroplasty models, which account for age, sex, and comorbidity. 29 In addition, the base model accounted for the surgical approach (open or minimally invasive), which affects the probability of readmission.
Additional multivariate logistic models were created with the addition of variables accounting for the SES (DiezRoux score and race/ethnicity), rural status (rural-urban classification and driving distance to hospital), and hospital factors (case-specific hospital volume quintile, number of hospital beds, and academic status). Predicted probabilities of readmission for all patients were calculated on the basis of the validation data and were averaged by hospital to calculate predicted hospital-specific readmission rates.
Receiver operating characteristic curves and areas under the curve (AUCs) were calculated for all models with validation data. The AUC measures the accuracy of predicted risk estimates in comparison with the observed data, and the differences between model AUCs measure changes in predictive accuracy. We then assessed whether adding variables to the base model changed hospitals' performances with respect to each other. On the basis of observed and predicted results, we calculated a percentile rank for each hospital based on the readmission rates, with a low percentile rank (1st) representing a high readmission rate and a high percentile rank (99th) representing a low readmission rate. Percentiles were used for comparison because the number of hospitals that performed each procedure varied, and a direct comparison of ranks across cohorts would be misleading. Using percentile ranks for assessment is directly policy-relevant because when performance is linked to payment incentives, the product of any risk-adjustment model is inherently a ranking of hospitals. In addition, because lower volume surgical procedures are incorporated into risk-adjustment schemes, small sample sizes result in unstable observed-toexpected ratios; this favors a more nonparametric ranking system. We then used the Wilcoxon signed-rank test to determine whether the predicted rankings differed significantly between models.
We further applied this percentile ranking approach to compare the performance of SNHs and non-SNHs within the observed data or under any of the models. In this case, we were interested in whether the comparative performance of the 2 groups of hospitals differed materially on the basis of the model used. We wanted to determine whether we would reach different conclusions about the performance of SNHs versus non-SNHs under different risk-adjustment models; this was assessed with permutation testing. 30 This study was approved by the institutional review boards at the University of Washington and the California Health and Human Services Agency. All analyses were performed with R and the acs, coin, icd, lme4, and dplyr packages as well as accessory packages.
31-39 A P value < .05 was considered significant. Reproducible statistical code that can be used to recreate the analytic sample from raw data and calculate results, with a detailed revision history, is available at http:// Univariate analyses indicated that age was not associated with readmission for RC patients, but for PN and RN, older patients were more likely to be readmitted (P < .01; Table 2 ). Across all cohorts, patients who were readmitted were more likely to have higher comorbidity (P < .01). Among readmitted RN patients, the neighborhood score was lower (P < .01), but this association was not observed for patients who underwent PN or RC. In univariate analyses, the rural status and the distance from the index hospital were not associated with readmission.
Multivariate logistic regression models were developed for each cohort (Table 3 ) and started with a base model accounting for age, sex, comorbidity, and surgical approach (ie, open or minimally invasive). The standard risk-adjustment variables provided modest predictive performance (AUC in base models 5 0.56-0.62), and predictive performance across all models improved only marginally with the addition of SES, geographic, and hospital factors. For all procedures, the addition of SES and geographic factors changed the overall hospital rankings significantly in comparison with the base model except for SES for RC (P 5 .07) and SES and rural factors for PN (P 5 .12; Table 3 ). Table 4 compares mean hospital readmission rate rankings by SNH status for all cohorts under all models. For both RN and PN, the addition of SES and hospital factors significantly changed the mean percentile ranking of SNHs. For RN, the mean percentile rank of SNHs in the base model was 50.1, whereas the predicted mean percentile ranking was 42.0 when adjustments were made for SES and 46.3 when adjustments were made for SES and rural status (P < .01 for both). The RN models incorporating SES predicted a higher readmission rate (lower ranking) for SNHs in comparison with SES-naive models (Fig. 1) . Equivalently, the absence of these factors in the base model yielded an observed ranking of SNHs similar to that of non-SNHs and to the observed data. Similar trends persisted for the addition of hospital-related factors. In the case of PN, the addition of SES and rural factors had an effect on the predicted performance of SNHs similar to that for RN (P < .01). However, the addition of hospital factors increased the expected mean percentile ranking of SNHs with respect to the base model. In the case of RC, there was no statistically significant change in the rankings of SNHs versus non-SNHs with the addition of SES, rural status, or hospital factors.
DISCUSSION
We show that, independently of the impact on model performance, the addition of SES differentially affects SNHs and non-SNHs for some patient cohorts. Our findings support the concern that newly adopted SES-naive models unfairly and disproportionately penalize SNHs. 13 For example, for patients undergoing RN, models that account for SES would predict a higher readmission rate (lower ranking) for SNHs in comparison with base models. Because these models have a higher predicted readmission rate, SNHs would not be disproportionately penalized when the HRRP observed-to-expected ratios are being calculated. Other work has shown that although unadjusted readmission rates for acute myocardial infarction, heart failure, and pneumonia were similar between SNHs and non-SNHs, after the HRRP risk adjustment, 88% of SNHs were penalized, but only 68% of nonSNHs were penalized. 13 Our study suggests that the omission of an SES adjustment differentially and substantially affects SNH readmission rankings with minimal impact on non-SNHs. This finding corroborates prior work by Glance et al, 40 who examined readmissions for 6 surgical procedures throughout New York State in models with and without patient SES and found that differences in readmission rates between SNHs and non-SNHs were due to a case mix of low-SES patients and not due to differences in quality. Conversely, Bernheim et al 41 found no difference when SES was incorporated into HRRP measures for acute myocardial infarction, heart failure, and pneumonia cohorts. However, surgical patients face distinctly different postdischarge recoveries and causes of readmission than medical patients and may be more susceptible to the posthospital syndrome. 12 This study reflects an effort to augment the limited administrative data typically used for risk-adjustment modeling, which are often limited to basic sociodemographic characteristics such as sex, age, and race/ethnicity. 42 Others have applied narrow definitions of low SES, such as enrollment in Medicaid, dual eligibility status, or homelessness, and this has masked the breadth of SES variation. 40 Conversely, Barnett et al 43 used detailed survey data that are not routinely available with administrative data, and this limited generalizability. To overcome these limitations, we linked patient zip codes to American Community Survey data and calculated a multicomponent neighborhood score for each patient, which has been widely shown to correlate with health disparities. 44 This technique can be applied to any administrative data set because patient addresses are ubiquitous. Expanding beyond routinely used discharge data sets, we further linked discharge data to publicly available CMS hospital reports and Provider of Services files.
Readmission models generally focus on 3 domains-basic demographics, clinical data, and hospital factors-and often fail to provide adequate discrimination ability, with c-statistics generally ranging from 0.55 to 0.65. 45 The currently implemented HRRP surgical models for hip and knee arthroplasty adjust for age, sex, and a detailed comorbidity score to predict readmissions, and they achieve an AUC of 0.63. 46 Our models for RN matched this figure, but similar models for RC and PN were slightly less predictive (AUC 5 0.55-0.59). We expanded the scope of available data by linking administrative data to additional publicly available data sources. In addition, we used alternative, nonparametric statistical methods to better understand the impact of these data on readmission rates. AUC is a mainstay for comparing readmission model performance. Although this allows for measurement of model discrimination, AUC is best suited for the evaluation of a new diagnostic test or model against a gold standard, and a comparison with observed, unadjusted readmission rates is not an adequate gold standard. 47 Furthermore, only large-magnitude associations (ie, odds ratios > 3) between predictors and outcomes of interest significantly change the calculated AUC. 48 From a policy-setting perspective, the impact of any model on risk-adjusted relative rankings may be more salient. In addition to the AUC, which can obscure important information that would otherwise lead to reclassification of many observations, 48 we also determined whether the addition of various factors to a base risk-adjustment model led to a statistically significant change in relative rankings, which ultimately affects value-based payments.
Although our work focuses on procedures within urologic oncology, they are useful index procedures and are generalizable to other nonurologic and nononcologic procedures. RC is a highly morbid procedure with complex extirpative and reconstructive components that is performed in patients with a high comorbidity burden who are also subject to significant morbidity from their primary malignancy and neoadjuvant treatments, including chemotherapy. RN, conversely, is an extirpative procedure without any requisite reconstruction, with minimal disease-specific morbidity outside the perioperative setting, and with a strong correlation between cancer severity (ie, tumor size and extent) and surgical difficulty. PN represents a third and complementary index procedure with extirpative and reconstructive components in which the complication rate is linked to the technical complexity of the procedure, which is in turn related to the severity and complexity of the underlying malignancy. Although the current HRRP models do not focus on urologic oncology procedures, these procedures function as index cases, and our results and methodology can be extrapolated to other surgeries important to future HRRP expansions. The differential impact of SES on each cohort is particularly important because the HRRP is applied to medical and surgical patients, with unique causes of readmission in each of these heterogenous cohorts.
Our findings for patients with bladder cancer undergoing RC are representative of the challenges that payers and policymakers may encounter in assessing diagnosis-specific risk-adjusted outcomes. We were unable to construct models for RC with predictive ability on par with the HRRP knee and hip arthroplasty models. With RC, the intrinsic patient comorbidity (distinct from diagnostic codes), the impact of disease severity, and the physiologic insult of the surgery may yield unmeasurable variation that precludes more discriminatory modeling. This inherent morbidity overshadows the impact of SES and hospital-level factors. This work was limited by a lack of information on disease severity (eg, the tumor stage) or the receipt of chemotherapy in administrative data. However, readmission risk-adjustment models are designed to be applied to administrative data, and this enhances the generalizability of our findings. Comorbidity is also a major driver of readmissions, and the HRRP models use a custom set of the 189 available Medicare condition clusters for each procedure; this improves the predictive ability of those models. 29 However, to maintain equivalence across different procedures, we elected to use a single, standard comorbidity index that was designed for and has been validated in administrative cohorts: the Elixhauser classification. Comorbidities are likely to be underrecorded in administrative data, with potentially more missing data at SNHs versus non-SNHs, and this further biases our results toward the null. In addition, we had access only to patient zip codes, which affected the granularity of neighborhood scores. There is more SES heterogeneity within each zip code in comparison with smaller areal units such as census blocks or tracts. Prior work comparing the use of neighborhood metrics in different areal units has shown that the middle 50% are similar, but aggregation leads to smoothing in the extremes. 49 This effect biases our results toward the null. Furthermore, administrators with access to specific patient addresses can easily extend this methodology to match patients to their census block groups, each of which represents approximately 1000 people, to enhance the precision of estimates. Lastly, we focused on a cohort of California inpatients. Prior models using large administrative data sets examined Medicare beneficiaries or Veterans Affairs patients, who do not generalize to younger patients. We specifically selected our hospital discharge data to harness the wide age ranges, diverse SES characteristics, and rural-urban discrepancies represented throughout California, and this improved generalizability.
In conclusion, SES is important to risk adjustment for certain urologic cancer surgeries, such as PN or RN. Patient SES affects overall hospital rankings across cohorts, and critically, it differentially and punitively affects risk-adjusted readmission rankings for SNHs for some procedures. Each surgical cohort has distinct characteristics inherent to their underlying disease and the type of procedure performed, and they should be evaluated with independently considered risk-adjustment models.
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